Pairs trading is one of the arbitrage strategies that can be used in trading stocks on the stock market. It incorporates the use of a standard statistical model to exploit the stocks that are out of equilibrium for short-term time. In determining which two stocks can be a pair, Banerjee et al. (1993) shows that the cointegration technique is more effective than correlation criterion for extracting profit potential in temporary pricing anomalies for share prices driven by common underlying factors. This paper explores the ways in which the pre-set boundaries chosen to open a trade can influence the minimum total profit over a specified trading horizon. The minimum total profit relates to the pre-set minimum profit per trade and the number of trades during the trading horizon. The higher the pre-set boundaries for opening trades, the higher the profit per trade but the lower the trade numbers. The opposite applies for lowering the boundary values. The number of trades over a specified trading horizon is determined jointly by the average trade duration and the average inter-trade interval. For any pre-set boundaries, both of these values are estimated by making an analogy to the mean first-passage time. The aims of this paper are to develop numerical algorithm to estimate the average trade duration, the average inter-trade interval, and the average number of trades and then use them to find the optimal pre-set boundaries that would maximize the minimum total profit for cointegration error following an AR(1) process.
Introduction
Pairs trading was first discovered in the early 1980s by the quantitative analyst Nunzio Tartaglia and a team of physicists, computer scientists and mathematicians, who did not have a background in finance. Their idea was to develop statistical could form a stationary time series. If this happens, we say these two I(1) series are cointegrated.
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In order to determine whether cointegration exists between two time series there are two techniques that are generally used: the Engle-Granger two-step approach, developed by Engle and Granger (1987) , and the technique developed by Johansen (1988) . The Engle-Granger approach uses OLS (Ordinary Least Squares) to estimate the long-run steady-state relationship between the variables in the model, and then test whether the residual from the equation is stationary or not. Even though it is quite easy to use, there are some criticisms of this approach, e.g.: (1) this test for cointegration is likely to have lower power than the alternative tests; (2) its finite sample estimates of long-run relationships are potentially biased; and (3) inferences cannot be drawn using standard t-statistics about the significance of the parameters of the static long-run model (Harris, 1995) . To overcome the problems found in the Engle-Granger approach, the Johansen's approach uses a vector error-correction model (VECM) so that all variables can be endogenous. More discussion about these two methods can be found in Harris (1995) . One more advantage of Johansen's (1988) technique is that it has become available in a user-friendly software, namely, P cF iml (version 8), which has been used for running the cointegration analysis in this paper.
The pairs trading strategy, using a cointegration technique, is briefly introduced below :
Consider two shares S1 and S2 whose prices are I(1). If the share prices P S1,t and P S2,t are cointegrated, there exist cointegration coefficients 1 and β corresponding to P S1,t and P S2,t respectively, such that a cointegration relationship can be constructed as follows:
where * t (the actual cointegration error) is a stationary time series. Define t (the adjusted cointegration error) is as follows:
where t is also a stationary time series and E(.) means the expectation. The actual cointegration error * t is adjusted so that the mean of the adjusted cointegration error E( t ) is zero in order to simplify subsequent analysis.
We have to set an upper-bound U (U > 0) and a lower-bound L(L < 0) before we apply the pairs trading. The function of these boundaries act as a threshold to open a trade. Let N S1 and N S2 denote the number of shares S1 and S2 respectively. Two type of trades, U-trades and L-trades, are considered. For a U-trade, a trade is opened when the adjusted cointegration error is higher than or equal to the pre-set upper-bound U by selling N S1 of S1 shares and buying N S2 of S2 shares and then closing the trade when the adjusted cointegration error is less than or equal to zero. This is done by buying N S1 of S1 shares and selling N S2 of S2 shares. The opposite happens for the L-trade, where a trade is opened when the adjusted cointegration error is less than or equal to the pre-set lower-bound L by buying N S1 of S1 shares and selling N S2 of S2 shares. The trade is closed when the adjusted cointegration error is higher than or equal to zero by selling N S1 of S1 shares and buying back N S2 of S2 shares. It is assumed that the actual cointegration error ( * t ) as well as the adjusted cointegration error ( t ) are stationary processes and have symmetric distributions, so the lengths from the upper-bound U to the mean and from the lower-bound L to the mean are the same. As a result, the expected number of U-trades and L-trades are the same. For details, see Lin et al. (2003 Lin et al. ( , 2006 .
In our discussion, the following terms will be required.
• Trade duration is the time between opening and closing a U-trade (an L-trade).
• Inter-trade interval is the time between two consecutive U-trades (L-trades) or the time between closing a U-trade(an L-trade) and then opening the next U-trade(L-trade). We assume that there is no open trade (neither U-trade nor L-trade) if the previous trade has not been closed yet.
• Period is the sum of the trade duration and the inter-trade interval for U-trades (L-trades).
To simplify the discussion in this paper, we subsequently focus mainly on the Utrade case unless stated otherwise. The expected trade durations and the expected inter-trade intervals are estimated to determine the expected number of U-trades over a specified trading horizon. As the expected numbers of U-trades and L-trades are the same, the expected number of U-trades can be doubled to obtain the expected number of trades. Figure 1 shows two cointegrated shares, i.e. Transonic Travel Ltd (TNS) and Travel.com.au (TVL), and their adjusted cointegration error denoted by eps . Both are travel companies listed on the Australian Stock Exchange. In this case, TNS is S1 and TVL is S2. Further description of the cointegration relationship of these two shares can be found in Section 5. At time t = 5, the adjusted cointegration error of the two stocks (eps ) is higher than the upper-bound U , so a trade is opened by selling TNS and buying TVL. At t = 14, eps is less than the eps mean 0 , so the trade is closed by taking the opposite position. Figure 1 also illustrates an example of trade duration, inter-trade interval and period. Lin et al. (2003 Lin et al. ( , 2006 develop a pairs trading strategy based on a cointegration technique called the cointegration coefficients weighted (CCW) rule. The CCW rule works by trading the number of S1 and S2 shares as a proportion of cointegration coefficients to achieve a pre-set minimum profit per trade. The pre-set minimum profit per trade corresponds to the pre-set boundaries U and L chosen to open trades. However, they did not discuss the optimality issue on the pre-set boundaries. Developing a numerical algorithm to calculate the optimal pre-set boundary values will be the main target of this paper.
We determine the optimality of the pre-set boundary values by maximizing the minimum total profit (MTP) over a specified trading horizon. The MTP corresponds to the pre-set minimum profit per trade and the number of trades during the trading horizon. As the derivation of the pre-set minimum profit per trade is already provided in Lin et al. (2003 Lin et al. ( , 2006 , this paper will provide the estimated number of trades. The number of trades is also influenced by the distance of the pre-set boundaries from the long-run cointegration equilibrium. The higher the preset boundaries for opening trades, the higher the minimum profit per trade but the lower the trade numbers. The opposite applies for lowering the boundary values.
The number of trades over a specified trading horizon is determined jointly by the average trade duration and the average inter-trade interval. For any pre-set boundaries, both of those values are estimated by making an analogy to the mean first-passage times for an AR(1) process. This paper applies an integral equation approach to evaluate the mean first-passage times from Basak and Ho (2004) .
The paper is organized as follows. Section 2 gives a brief summary of the trading rules to obtain the pre-set minimum profit per trade. In Section 3, we give a brief description of the mean first-passage time of an AR(1) process using an integral equation approach and apply the concepts to estimate the average trade duration, the average inter-trade interval and then the number of trades in the pairs trading strategy. In Section 4, a numerical algorithm is developed to calculate the optimal pre-set upper-bound, denoted U o , that would maximize the minimum total profit. Section 5 provides two empirical examples, i.e. BHP-RIO and TNS-TVS and the last section has discussion and a conclusion.
Minimum Profit Per Trade
This section will explain how to determine the number of shares of S1 and S2 needed to get the pre-set minimum profit per trade. Using Eqs. (1) and (2), this paper follows the derivation of the minimum profit per trade as in Lin et al. (2003 Lin et al. ( , 2006 . Consider the following assumptions.
1. The two share price series are cointegrated over the relevant time period.
2. Long (buy) and short (sell) positions always apply to the same shares in the share-pair.
3. Short sales are permitted or possible through a broker and there is no interest charged for the short sales and no cost for trading. 
U-trades
Consider two cointegrated shares, S1 and S2 as in Eq.(1). By using Assumption 1, we can conclude that
• When t ≥ U , the price of one unit share S1 is higher than or equal to the price of β unit shares S2, relative to their equilibrium relationship. In other words, S1 is overvalued while S2 is undervalued, relative to their equilibrium relationship. A trade is opened at this time. Let t o represent the time of opening a trade position.
• If t ≤ 0, the price of one unit share S1 is less than or equal the price of β unit shares S2, relative to their equilibrium relationship. In other words, S1 is under-valued while S2 is over-valued according to their equilibrium relationship. The trade is closed at this time. Let t c represent the time of closing out a trade position.
When the adjusted cointegration error is higher than or equal to the pre-set upper-bound U at time t o , a trade is opened by selling N S1 of S1 shares at time t o for N S1 P S1,t 0 dollars and buying
When the adjusted cointegration error has settled back to its mean at time t c , the positions are closed out by simultaneously selling the long position shares for N S2 P S2,tc dollars and buying back the N S1 of S1 shares for N S1 P S1,tc dollars.
Profit per trade will be
According to the CCW rule as in Lin et al. (2003 Lin et al. ( , 2006 , if the weight of N S2 and N S1 are chosen as a proportion of the cointegration coefficients, i.e. N S1 = 1 and N S2 = β, the minimum profit per trade can be determined as follows:
Thus, by trading the shares with the weight as a proportion of the cointegration coefficients, the profit per trade is at least U dollars.
L-trades
For an L-trade, the pre-set lower-bound L can be set to be −U . So, a trade is opened when t ≤ −U by selling S2 and buying S1.
Profit per trade will be:
Analogous to the derivation of minimum profit per trade for an U-trade, let N S2 = β and N S1 = 1. Thus,
So, trading 1 unit share S1 and β unit shares S2, either in U-trades or L-trades would make a minimum profit per trade as much as U . However, for L-trades we need to borrow some money because with t negative at opening time means that the income from the short sales (selling β unit shares S2) is insufficient to buy 1 unit share S1.
Mean First-passage Time of an AR(1) Process and Pairs Trading
As a stationary process, the actual cointegration error ( * t ) as well as the adjusted cointegration error ( t ) may follow linear stationary processes (e.g.: White noise, Autoregressive, Moving average, and Autoregressive-Moving Average processes), non-linear stationary processes or other stationary processes. We have examined seven share pairs ( ANZ-ADB, ABC-HAN, ABC-BLD, CCL-CHB, HAN-RIN, BHP-RIO, and TNS-TVL) from the Australian Stock Exchange using daily data for 2004 (www.finance.yahoo.com.au). All of these share pairs produce cointegration error with AR(1) processes. Elliott (2005) and Herlemont (www.yats.com) also suggested AR(1) processes for modeling pairs trading, but they used the Ornstein-Uhlenbeck process which is the continuous-time counterpart of an AR(1) process to estimate the optimal boundaries. However, due to the complexity of stochastic analysis in the Ornstein-Uhlenbeck process, their results are difficult to be applied in practical situation. Therefore, in this paper we focus on an AR(1) process and use an integral equation approach from Basak and Ho (2004) which is more practicable than the Ornstein-Uhlenbeck process . This section will provide steps to obtain an estimation of the number of trades over a specified trading horizon. Firstly, we will give a brief summary of the mean first-passage time of AR(1) process using an integral equation approach from Basak and Ho (2004) . Secondly, a numerical scheme is provided to calculate the mean firstpassage time of an AR(1) process using an integral equation approach. Thirdly, the average trade duration and the average inter-trades interval are estimated using an analogy of the mean first-passage time. Fourthly, the number of trades over a specified trading horizon is approximated using the average trade duration and the average inter-trade interval.
3.1 The mean first-passage time of an AR(1) process using an integral equation approach
Consider an AR(1) process:
where −1 < φ < 1 and
and
, and E(T b (y 0 )) denote the mean first-passage time of T a,b (y 0 ), T a (y 0 ), and T b (y 0 ) respectively. Basak and Ho (2004) derive the mean first-passage time of an AR(1) process using an integral equation approach.
We define a discrete-time real-valued Markov process {Y t } on a probability space {Ω, F, P} with stationary continuous transition density f (y|x), continuous in both x and y. The term f (y|x) denotes the transition density of reaching y at the next step given that the present state is x. Suppose that Y 0 = y 0 ∈ [a, b] . The mean first-passage time over interval [a, b] of an AR(1) process, starting at initial state
For an AR(1) process in Eq. (7), f (u|y 0 ) will be a normal distribution with mean φy 0 and variance σ 2 ξ . Thus,
Details of the derivation can be found in Basak and Ho (2004) . The integral equation in Eq. (12) is a Fredholm type of the second kind and can be solved numerically using the Nystrom method (Atkinson, 1997) as in the next subsection.
Numerical scheme
If we want to calculate E(T b (y 0 )), that is, the mean first-passage time over a given level b of an AR(1) process starting at initial state y 0 , it can be computed by adding a lower boundary a first. Since E(T a,b (y 0 )) converges monotonically to E(T b (y 0 )) as a → −∞, the approximation of E(T b (y 0 )) can be obtained by evaluating E(T a,b (y 0 )) as a → −∞ instead.
Consider E(T a,b (y 0 )) as in Eq.(12). Now, define h = (b − a)/n, where n is the number of partitions in [a, b] and h is the length of each partition.
Using the trapezoid integration rule (Atkinson, 1997) :
where
. . , n and the weights w i for the corresponding nodes are
for others
Thus, the integral term in Eq. (12) can be approximated by
.
Let E n (T a,b (y 0 )) denote the approximation of E(T a,b (y 0 )) using n partitions. Thus, the expectation in Eq.(12) using n partitions can be estimated by
Set y 0 as u i for i = 0, 1, . . . , n and reformulate Eq. (15) as follows
and then solve the following linear equations in (17) to obtain an approximation of where
Examples of numerical results for some AR(1) processes are provided in Table  1 . We compare the results using an integral equation approach and simulation. For given σ 2 ξ , φ, and y 0 = 1.5, the mean first-passage time of level zero, using an integral equation approach, is calculated. We use different b and n in order to make the length of partition h the same for each case. The results show that h = 0.1 is enough to get results similar to the simulation. For simulation, we generate an AR(1) process as in Eq.(7) for given σ 2 ξ , and φ. Using the initial state y 0 = 1.5, the time needed for the process to cross zero for the first time is calculated. The simulation is repeated 1000 times and then we calculate the average. The table shows that the simulation results confirm the results from the integral equation approach.
Trade durations and inter-trade intervals
Consider the adjusted cointegration error and assume that t in Eq.(2) follows an AR(1) process, i.e:
As explained in Section 1, the trade duration is the time between opening and closing a trade. For a U-trade, a trade is opened when t is higher than or equal to the pre-set upper-bound U and it is closed when t is less than or equal to 0 which is the mean of the adjusted cointegration error. Suppose t is at U , so a U-trade is opened. To calculate the expected trade duration, we would like to know the time needed on average for t to pass 0 for the first time. Thus, calculating the expected trade duration is the same as calculating the mean first-passage time for t to pass 0 for the first time, given the initial value is U . Let T D U denote the expected trade duration corresponding to the pre-set upper-bound U . Using Eq.(12), T D U is defined as follows:
As for trade duration, the inter-trade interval is the waiting time needed to open a trade after the previous trade is closed. For a U-trade, if there is an open U-trade while t is at 0 during trading, the trade has to be closed. To calculate the expected inter-trade interval, we would like to know the time needed on average for t to pass the pre-set upper-bound U for the first time, so we can open a U-trade again. Thus, calculating the expected inter-trade interval is the same as calculating the mean first-passage time for t to pass U given the initial value is 0. Let I U denote the expected inter-trade interval for the pre-set upper-bound U .
Number of trades over a trading horizon
The expected number of U-trades E(N U T ) and the expected number of periods corresponding to U-trades E(N U P ) over a time horizon [0,T] are defined as follow:
In this subsection, we want to derive the expected number of U-trades E(N U T ) over a specified trading horizon. However, it is difficult to evaluate the exact value of E(N U T ). Thus, a possible range of values of E(N U T ) is provided.
As explained in Section 1, period U is defined as the sum of the trade duration and the inter-trade interval for U-trades. Thus, the expected period U is given by,
First, we will evaluate the expected number of period U 's E(N U P ) in the time horizon [0,T] as it has a direct connection to the trade duration and the inter-trade interval. Then, the relationship of N U T and N U P will be used to obtain a possible range of values of E(N U T ).
Let period U i denote the length of the period corresponding to the ith U-trade. Thus,
Since the period depends on the distribution of t , which is a stationary time series, E(period U i ) will be the same for all i. Thus, E(period U i ) = E(period U ) and
Thus,
As for the derivation that leads to (23),
giving
However, the relationship between number of U-trades (N U T ), and number of Table 2 shows the estimation of the number of U-trades over T = 1000 observations for some AR(1) processes using the theory presented above. We usê N U T = 1000 T D U +I U − 1 to estimate the expected number of U-trades within [0,T]. The average trade duration for U-trades T D U and the average inter-trade interval for U-trades I U are calculated using the integral equation approach. Table 3 shows the simulation results of the number of U-trades as a comparison to the theoretical results in Table 2 . 1000 observations are generated from the model described in Eq. (18) for each simulation and each simulation is independently Table 3 : Simulated number of trades for an AR(1) process using T = 1000 observations and U = 1.5 Table 3 , we can conclude that if we can estimate the average of trading duration and the average of intra-trade interval correctly, the formulaN U T = 1000 T D U +I U − 1 can be used to estimate the number of U-trades.
Comparing the number of U-trades results in Tables 2 and 3 , we see that for φ = 0.5, the estimates of the number of U-trades using the integral equation are higher than those given by the simulation results. The opposite happens if φ = −0.5. The difference is due to a slight difference in the framework underpinning the theory of integral equations and that for simulation from real data.
Minimum Total Profit and the Optimal Pre-set

Upper-bound
This section will combine the pre-set minimum profit per trade from Section 2 and the number of U-trades from Section 3 to define minimum total profit (MTP) over the time horizon [0,T]. The optimal pre-set upper-bound, denoted by U o , is determined by maximizing the MTP.
Let T P U denote the total profit from U-trades within the time horizon [0,T] for a pre-set upper-bound U . Thus,
Using Eqs. (4) and (27), 
Define the minimum total profit with the time horizon [0,T] by
Then, considering all U ∈ [0, b], the optimal pre-set upper-bound U o is chosen such that M T P (U o ) takes the maximum at that U o . In practice, the value of b is set up as 5σ because t is a stationary process, and the probability that | t | is greater than 5σ is close to zero.
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The numerical algorithm to calculate the optimal pre-set upper-bound U is as follows:
1. Set up the value of b as 5σ . 
For each
Examples of numerical results from some AR(1) processes are shown in Table 4 . We use the model of an AR(1) process described in Eq.(18) and T = 1000. The table shows that for a given φ, U o increases as σ a increases. The last two rows of each φ show the approximation of U o as a proportion of σ a and σ . Those approximations can be used as a general rule in choosing U o . For example if we have the adjusted cointegration error t with an AR(1) process and the φ is -0.5 or 0.5, quickly we can choose U o = σ a .
The MTP can be used as a criteria to determine whether the stock pairs are worth to be traded. If we have limited funding to trade stocks in the market, and we have identified several stock pairs, we can choose the stock pair that give the maximum MTP. available in the internet (www.finance.yahoo.com.au). The empirical data is divided into two parts, namely in-sample data and out-sample data. The in-sample data is assigned as training period where we analysis the cointegration relationship and then determine the optimal pre-set optimal boundaries U o and L o . The out-sample data is assigned as trading period. The out-sample data is assumed still hold the same cointegration relationship with the in-sample data, so the pairs trading strategy can be applied to the out-sample data using the optimal pre-set optimal boundaries U o and L o obtained from the in-sample data.
There is no standard rule to choose how long the training period (in-sample data) and trading period (out-sample data) needed. However, the training period needs to be long enough so that we can determine that a cointegration relationship actually exists, but not so long that it is obsolete for the trading period. For trading period, it needs to be long enough to have opportunities to open and close trades and test the strategy, but it can not too long because it is possible that the cointegration relationship between the two stocks may change. We use 12-month training period and 6-month trading period with daily data as these periods correspond with the other study by Gatev et al.(1999 Gatev et al.( , 2006 , Gillespie and Ulph (2001) and Habak (2002) . This paper give two specific illustrations, BHP-RIO and TNS-TVL on the Australian Stock Exchange (ASX). The stocks of BHP-RIO and TNS-TVL are cointegrated and the cointegration error can be fitted with the AR(1) model. We use PcFiml (Doornik and Hendry, 1997) and PcGive (Hendry and Doornik, 1996) softwares to analyze the cointegration relationship of the data.
From the in-sample data, knowing that BHP-RIO and TNS-TVL are cointegrated and the cointegration error are AR(1) processes, the values of φ and σ a can be estimated. The algorithm in Section 4 is applied to obtain the estimates of the optimal pre-set upper-bound U o , the number of U-trades, the expected of trade duration and the estimates of the minimum total profits from U-trades for each pair of shares. As we have explained before, the number of trades and the minimum total profits, produced by the algorithm in Section 4 ,are for U-trades during the time horizon [0,T] only. As the t from those share pairs are stationary processes and have symmetric distributions, in considering the L-trades, we can simply take the total number of trades and the total profit to be double the results from the algorithm above and the estimate of the optimal pre-set lower-bound is
After we obtained the estimates of the optimal pre-set boundaries U o and L o , the pairs trading strategy is applied to the in-sample data to obtain the actual number of trades, total profits and the averages of the trade durations. If the adjusted cointegration error, t , is above or at U o a U-trade is opened by selling one unit share S1 and buying β unit shares S2 and then close the trade by doing the opposite position when t is below or at zero. We can also open an L-trade when t is below L o = −U o by buying 1 unit share S1 and selling β unit shares S2 and then it is closed by doing the opposite position when t is above or at zero. In the case of BHP-RIO, BHP is assigned as S1 and RIO is S2 while in the case of TNS-TVL, TNS is S1 and TVL is S2. There is no opening trade when the previous trade has not been closed. We can compare the theoretical results and the actual results from the in sample data whether the share pair is worth enough to be traded.
Using the optimal pre-set boundaries U o and L o as well as the cointegration relationship from the in-sample data, we apply the pairs trading strategy to the out-sample data. We calculate the profit and trade duration from each trade (Utrades as well as L-trades) and at the end, the total number of trades, the total profits and the averages of the trade durations are also calculated. The results from the out-sample data show whether the pairs trading strategy still works or not. 
BHP-RIO
and the adjusted cointegration error
and then fit t as an AR(1) process as follows:
where σ = 0.6479.
Using the in-sample data i. Comparing the trading results from the in-sample data and the out-sample data, the results are not too different (notice that the number of observations of the outsample data is half of the in-sample data). The significant different from the both results is the average trade duration. However, from the out sample data we still always obtain profit per trade which is higher than 0.81 dollars (the average profit per trade = $1.19).
TNS-TVL
Transonic Travel Ltd (TNS) and Travel.com.au (TVL) are travel companies listed on the ASX. In this study we consider the daily closing price of the two stocks from 2 January 2004 to 30 December 2004 as in-sample data and from 3 January 2005 to 30 June 2005 as out-sample data. From the in-sample data, we obtain the cointegration relationship of the two stocks to be:
with the adjusted cointegration error
and we fit t as an AR(1) process as follows:
where σ = 1.256258.
With the indicated 251 days in-sample data, and φ = 0.9465 and σ a = √ 1 − φ 2 σ , we obtain the following estimates from the numerical algorithm in Section 4:
Conclusion
In this paper we have given a methodology to choose the optimal pre-set boundaries for pairs trading strategy based on cointegration technique and give a quantitative method to evaluate the average trade duration, the average inter-trade interval, and the average number of trades. The optimality in term of maximizing the minimum total profit over the specified trading horizon is developed by combining cointegration technique, the cointegration coefficient weighted rule, and the mean first-passage time using an integral equation approach.
The pairs trading strategy is applied to empirical data from two pair samples: BHP-RIO and TNS-TVL. Even though from the BHP-RIO case we can not obtain results as high as projected, we always obtain a profit per trade higher than the optimal pre-set upper-bound U o . The actual total profit from both pair cases are quite similar to the estimates. For the TNS-TVL case, the results from the out sample data are not quite good. Perhaps, these results are due to the out sample data not quite following the models developed from the in sample data. Adjustment to the model may need to be made when using out sample data.
The above strategy can be extended if we set the minimum profit per trade as the minimum profit required (P r ), for example to meet the trading cost. We can trade N S1 = P r U of S1 shares and N S2 = β P r U of S2 shares to obtain the minimum profit per trading to be at least P r . If we want to restrict the money invested in the trade to amount of I, we trade N S1 = I (P S1,t o +βP S2,t o ) of S1 and N S2 = β I (P S1,t o +βP S2,t o ) of S2 when we open a trade and then will get minimum profit per trade of U N S1 .
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We are aware that in large groups of stocks, the cointegrated stocks may not follow the assumptions given in this paper. For example, the cointegration relationship may disappear in the future, or the cointegration error may not be symmetric or may not an AR(1) process. Whether the technique displayed in this paper works or not only relies on two conditions:(1) within the in-sample data, there is a linear combination of stocks to form an AR(1) series, (2) such relationship does not significantly change in the trading period (out-sample data). Further investigations are warranted to explore different assumptions. In this paper we have established a framework that may be applied for a cointegrated stock pair with AR(1) cointegration error.
